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Non-coding RNA (ncRNA) perform vital functions in cells, but the impact of diversity 
across structure and function of homologous motifs has yet to be fully investigated. One 
reason for this is that the standard phylogenetic analysis used to address these questions in 
proteins cannot easily be applied to ncRNA due to their inherent characteristics. Compared 
to proteins, ncRNA have shorter sequence lengths, lower sequence conservation, and 
secondary structures that need to be incorporated into the analysis. This has necessitated 
an effort to develop methodology for investigating the evolutionary and functional 
relationship between sets of ncRNA. In this pursuit, I studied closely related riboswitches. 
Riboswitches are structured ncRNA found in bacterial mRNA that regulate gene 
expressions using their two major components: the aptamer and the expression platform. 
The aptamer of a riboswitch is able to bind a specific small molecule (ligand), and the 
bound/unbound state of the aptamer influences conformational changes in the expressions 
platform that can lead to increased or decreased downstream gene expression. Utilizing 
sequence and structural similarity metrics combined with graph clustering and de novo 
community detection algorithms I have determined a methodology for investigating the 
functional and evolutionary relationship between closely related riboswitches, and other 
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It has long been known that RNA can act as more than a messenger for translating DNA 
into proteins. However, in recent decades, the true depth and breadth of functions that 
RNA can perform has become clearer [1–3]. RNAs that play a role in key cellular 
functions, but do not encode a protein, are called non-coding RNA (ncRNA). ncRNA are 
vital for the survival of all domains of life, participating in processes from gene 
regulation to catalysis to protein translation [4–8]. One class of essential ncRNAs is 
riboswitches, which are found in the 5’ untranslated region (UTR) or bacterial mRNA 
and regulate gene expression at a transcriptional or translational level. A major functional 
component of riboswitches is the three-dimensional shape they are able to fold into, 
which allows them to bind a specific ligand and regulate gene expression based on the 
presence or absence of that ligand within the cell [5,9]. It is this structure that allows 
riboswitches to perform such vital function. Both secondary and tertiary interactions play 
a role in ncRNA activity, and structural conservation among functional motifs is often 
seen across a wide taxonomic range [9,10]. For this reason, studying functional RNA 
motifs requires a careful consideration of both sequence and structure. 
The use of computational tools has greatly expanded the potential of RNA research. 
As far back as the 1960’s, it was demonstrated that secondary structure of an RNA plays a 
determining role in its function, and altering the secondary structure conformation of an 
RNA can change its functionality [7]. Soon after, algorithms were developed for 
identifying the RNA secondary structure which minimize free energy and identifies 
alternative, sub-optimal folding conformations [11–15]. As RNA secondary structure 
prediction became more reliable and efficient, implementation of secondary structure 
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within other aspects of the field became easier. This paved the way for the use of 
probabilistic models for the identification of homologous motifs that can flexibly describe 
primary sequence and secondary structure consensus of an RNA family [16–19]. As the 
tools available to researchers expanded, so did our ability to quickly and accurately 














gene expression in response to the presence of ligand. They are made up of two major 
components, the aptamer and the expression platform (Figure 1.1). The aptamer binds a 
specific ligand, which induces a conformational change in the expression platform 
immediately downstream. This conformational change is what leads to regulation of the 
Riboswitch
5'UTR CDS 3'UTR
Start Codon Stop Codon
Aptamer Expression
Platform
Figure 1.1 Anatomy of a riboswitch. 
Representation of a riboswitch, containing the aptamer and 
expression platform within the 5’ UTR of an mRNA. *Adapted 
from figure created by Dr. Arianne Babina. 
Chapter 1: Introduction 
 
3 
downstream gene [10,20,21]. Bacterial riboswitches facilitate increases or decreases in 
gene expression at the transcriptional or translational level [10,22,23], while in the few 
instances of riboswitches in eukaryotes tend to be found in introns of pre-mRNA and are 
involved in splicing [24].  
 The overall secondary structure of the riboswitch is vital when studying and 
characterizing them. This is because the secondary and tertiary structure, and not primary 
sequence, is what primarily drives riboswitch function. The conformational changes that 
occur upon ligand binding are what allow riboswitches to regulate gene expression in 
response to environmental factors. Terminator and anti-terminator formation in the 
expression platform influences whether there will be complete readthrough of a transcript 
or early transcriptional attenuation, while stable stem-loop structures that sequester the 
ribosomal binding site (RBS) function to allow or preclude translation. Within families of 
riboswitches, the primary sequence can vary, but the structural characteristics of the 
riboswitch must be maintained in order to retain functionality. 
 
1.1.2 Biological function of riboswitches 
Bacteria utilize riboswitches to regulate metabolic pathways and maintain the homeostasis 
of the cell [25–28]. These regulatory switches have been conserved throughout evolution 
and can be sensitive to nanomolar concentrations of their ligand [29]. This provides 
bacteria with fast-acting and energy-inexpensive regulatory mechanisms for maintaining 
proper metabolic functions. Currently, there are over 40 classes of riboswitches which have 
been discovered [9]. Included in these are riboswitches which sense amino acids (lysine, 
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glutamine, and glycine)[30–32], nucleotide derivatives (purines, prequeuosine, 
phosphoribosyl pyrophosphate, and adenosine/cytidine-5’-di-phosphate) [5,28,33–37], 
tRNAs [38,39], and signaling molecules (cyclic-di-GMP, cyclic-di-AMP, cyclic-GMP-
AMP, 5-aminoimidazole-4-carboxamide ribonucleoside-5’-triphosphate, and guanosine 
tetraphosphate) [40–44]. These, combined with riboswitches which sense ions, enzyme 
cofactors, and other small molecules, function to monitor essential components of the 
cellular environment and modulate changes in gene expression.  
 In response to these ligands, riboswitches regulate pathways involved in synthesis, 
degradation, and transport of vital molecules within the cell. Some riboswitches are found 
regulating only a narrow group of genes involved in a specific biochemical pathway, but 
others can be found regulating a broader range of genes related to a biological 
function[5,9]. Moreover, there are instances of multiple riboswitches being found in 
tandem and regulating the same gene [45,46]. This was first characterized in Desulfovibrio 
vulgaris  and Desulfovibrio desulfuricans, in which a pair of complete TPP riboswitches 
regulate the thiamine biosynthesis operon (thiSGHFE) [47]. Other examples of different 
riboswitches being found in tandem have been identified since this first example, such as 
the paired SAM-II and SAM-V riboswitches which transcriptional and translational 
regulation in response to ligand binding [48].  In the case of the SAM-I and AdoCbl tandem 
riboswitches and the guanine and PRPP tandem riboswitches, the paired conformation 
allows for regulation of the downstream gene in response to binding of the ligand for either 
or both riboswitches [49,50]. A relatively unique iteration of the tandem conformation is 
pairs of homologous aptamers that regulate a single expression platform. There are only 
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two known riboswitches which fall into this category, the glutamine (glnA) riboswitch and 
the glycine riboswitch. The glnA riboswitch has been identified with up to three tandem 
aptamers, but is narrowly distributed to cyanobacteria and the tandem conformations have 
not been extensively characterized biochemically [32,51,52]. Conversely, the glycine 
riboswitch is widely distributed and well characterized in both its singleton and paired-
aptamer conformations [5,31,53–59]. In the case of the glycine riboswitch, this tandem 
conformation allows for one dominant ligand-binding aptamer and one primarily providing 
structural stability, as opposed to a system of paired, cooperative binding of the ligand 
[57,59,60]. 
 
1.1.3 Riboswitch distribution and variation 
Riboswitches are found throughout all phyla of bacteria, with riboswitch classes displaying 
different distribution patterns. Some riboswitches are distributed across a small number of 
bacterial groups with only a couple hundred (or fewer) representative instances, such as 
the PreQ1-II/III, Adenine, and SAM-SAH riboswitches [9]. Others are found almost 
ubiquitously throughout bacteria with over ten thousand representative examples, such as 
TPP, AdoCbl and SAM-I/IV[9]. The TPP riboswitch also has some members present 
within eukaryotes, primarily fungi, where it functions in alternative splicing instead of 
direct regulation of expression levels [24]. 
 On top of the varying levels of prevalence seen across riboswitch classes, the 
interplay of structural homology and ligand binding also introduces complexities to 
studying riboswitches. While classifying of de novo riboswitch classes relies on the 
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identification of structural homology, there are multiple instances of riboswitches with 
homologous structures binding distinct ligands [37,50,61,62] and, inversely, of structurally 
distinct riboswitches binding the same ligand [63,64]. This is highlighted by the ykkC and 
SAM riboswitches, respectively.  
SAM riboswitches are a group of structurally distinct riboswitches which are each 
able to bind S-Adenosyl Methionine (SAM). There are currently six known families of the 
SAM riboswitch, and a family of riboswitches called the SAM-SAH riboswitch able to 
bind both SAM and S-Adenosyl Homocysteine (SAH) [63–66]. Some of these classes have 
more structural similarity than others, such as the SAM-III and SAM-VI riboswitches[63], 
but each is different from the other SAM riboswitch families. The SAM-SAH riboswitch 
is also structurally distinct from the SAM riboswitch families, but is still able to bind SAM. 
It has been proposed that the SAM-SAH riboswitch is a minimalistic variant of a 
SAMfamily riboswitch that evolved in an environment lacking SAH, and so lost the ability 
to distinguish between the two molecules [66]. This group of riboswitches demonstrates 
that, while structural homology is a major component of riboswitch functionality and 
classification, that not all riboswitches which bind a ligand are necessitated to appear 
similar. 
The ykkC riboswitches demonstrate a similarly interesting phenomenon, but 
inverted. While the SAM riboswitches have different structures and bind the same ligands, 
the ykkC riboswitches show high structural similarity and yet bind distinct ligands. This 
group of riboswitches was initially categorized as one riboswitch class based on their 
structural and sequence homology [5]. It was later identified that a large subset of these 
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riboswitches, which regulated guanidine carboxylases and guanidine transporters, bound 
guanidine and was classified as the guanidine-I riboswitch [62,67]. To clarify this finding, 
this guanidine-I riboswitch was referred to as the ykkC subtype-1 riboswitch with respect 
to the original set of ykkC riboswitches, while the remaining ykkC riboswitches were 
evaluated and grouped into four classes termed ykkC subtype 2A-D. Of the four ykkC 
subtype 2 riboswitches, three have had their ligand identified. ykkC subtype-2A was shown 
to bind guanosine tetraphosphate (ppGpp), an alarmone that responds to amino acid 
starvation conditions, and regulate genes involved in branches chain amino acid synthesis 
[61]. ykkC subtype-2B was shown to bind phosphoribosyl pyrophosphate (PRPP), a 
molecule required for de novo purine synthesis, and regulate genes involved in purine 
biosynthesis[50]. ykkC subtype-2C was shown to bind adenosine/cytidine diphosphate 
(ADP/CDP) and regulate genes that hydrolyze the phosphoester bond of nucleoside 
diphosphate [37]. Each of these riboswitches show high levels of structural homology and 
bind distinct ligands, with functional diversity coming down to a few nucleotides’ variation 
involved in ligand identification. Interestingly, as there are multiple guanidine binding 
riboswitches, the guanidine-I riboswitch can be grouped into a set of riboswitches which 
are structurally distinct and bind the same ligand and a set of riboswitches which are 
structurally homologous and bind distinct ligands. 
In addition to variation across classes, there is also variation within classes[68]. 
One major example of this is the glycine riboswitch. The glycine riboswitch is unique in 
that it is often found with tandem, homologous aptamers regulating a single expression 
platform [31]. However, there are also examples of singleton glycine riboswitches, which 
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contain one aptamer and one expression platform. Singleton riboswitches also contain a 
ghost aptamer, which is a small stem-loop with no ligand-binding capacity, immediately 
adjacent to the aptamer [56]. Studies have found that the location of the ghost aptamer, 
either upstream or downstream of the aptamer, is dependent on what gene is being 
regulated by the riboswitch [58]. These findings supported studies which identified that the 
tandem glycine riboswitches tend to have a dominant ligand-binding aptamer, which also 
coincided with what gene is being regulated [29,58,59]. This culminates in a riboswitch 
class which has a distinct singleton and tandem variant that regulates glycine cleavage and 
another singleton and tandem variant which regulates glycine transport. 
Despite the relatively straight-forward mechanism of gene regulation that 
riboswitches represent, there is an impressive amount of variation within and between 
riboswitch classes. This makes investigating riboswitches more nuanced than it initially 
appears in many cases. While classifying riboswitches by their paired ligand or structural 
homology can provide broadly informative groupings, these categorizations reduce the 
complexity that can often be found upon closer inspection. 
 
1.2 Computation approaches to ncRNA investigation 
 
The study of homologous structured RNA, like riboswitches, relies heavily on the 
secondary and tertiary shape which the RNA adopts in order to perform its function 
[5,9,10]. Unlike DNA and protein, in which motifs can be readily identified by 
investigation of primary sequence alone, structured RNA must have the secondary 
structure considered to predict and classify motifs. This makes identification and study of 
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classification of structured 
RNA more complicated than 
with other biological 
molecules. However, 
researchers have generated 
powerful computational 
methods for both detecting 
and studying these motifs. 
 
1.2.1 RNA structure 
The function of RNA is 
highly depended on the three-
dimensional shape it takes, which is dictated by energetically favorable pairings of 
compatible nucleotides within the RNA. Studies of tRNA in the 1960’s first made it clear 
that secondary structure of an RNA plays a determining role in its function, and that 
alterations to the structural conformation impacts RNA functionality [7]. For this reason, 
scientists have developed multiple methods and software for predicting secondary 
structure. The ability to predict secondary structures that optimize these pairings within a 
given RNA creates the basis for the majority of techniques for computationally 
investigating structured RNA. The secondary structure of an RNA can be broken into a 
few components: 1) stems, comprised of paired nucleotides stacked atop each other, 2) 
loops, the terminal ends of stems which loop back upon themselves, and 3) bulges, which 
Figure 1.2 RNA structure representation. 
Representation of RNA secondary structure showing 
a stem (green), bulge (blue), loop (pink), internal loop 
(gold), and multi-stem junction (red). 
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are unpaired gaps within stems (Figure 1.2). There are also pseudoknots that can form in 
RNA secondary structure, which occur when loops or bulges within a stem pair with distal 
portions of the RNA. These components can be represented using notations that 
distinguishes paired and unpaired nucleotides within a sequence, allowing researchers to 
record RNA secondary structure mathematically or in text. 
 To determine the most likely secondary structure for an RNA to be found in, it is 
common to predict the most energetically favorable secondary structure it can take. This is 
referred to as the minimum free energy (MFE) structure. The algorithms which predict this 
structure rely on the assumption that the structure that will be most stable is the one that 
maximizes the number of nucleotide pairings. The Nussinov-Jacobson algorithm, one of 
the earliest structural prediction algorithms, uses this assumption and recursively iterates 
through an RNA sequence to identify valid base pairings to identify the structure with the 
maximize pairings present [15,69]. The Nussinov-Jacobson algorithm lays the foundation 
for many modern algorithms because its main assumption and process remains valid, 
making improments upon the algorithm a matter of increasing computational efficiency 
and incorporating new insights into the biochemical dynamics [70–72]. One major 
improvement in identification of the MFE secondary structure is the incorporation of 
nearest-neighbor thermodynamic parameters for determination of more accurate folding 
energy [11–14]. 
 These improvements in efficiency and accuracy for identifying MFE structures 
have proven useful for RNA researchers, but  do not fully represent the complexity of in 
vivo RNA folding. RNA can fold into many structures, and while the MFE structure may 
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be the most likely for a given RNA to adopt, it is not the only one it will adopt over time. 
Secondary structure of an RNA shifts between different conformations depending on the 
environment and the how energetically favorable different structures are. Particularly for 
riboswitches, which adopt different conformation in their “On” and “Off” states, it is 
important to take the range of structural possibilities into account when evaluating their 
structure. This can be done using a Boltzmann weighted ensemble of the possible 
secondary structures based on the energetic favorability of each potential secondary 
structure an RNA can adopt [73]. Using this, researchers are able to better approximate 
dynamic RNA structure based on the probability that the RNA will adopt different 
structures with different nucleotide pairings. 
 
1.2.2 Sequence and structure models 
The ability to build a model that represents a structured RNA is vital to researching these 
motifs. Models allow researchers to identify homologous sequences, predict structure, and 
discover novel classes of structured RNA. These models are primarily built around multiple 
sequence alignments (MSA) and subsequent (or simultaneous) folding of the sequences. 
Creating accurate MSAs, however, can be a complex and computationally intensive 
process, driving the necessity to balance efficiency and accuracy [74].  The two main 
approaches used for generating MSAs are progressive alignments and stochastic 
alignments. Progressive alignments focus on aligning the two most similar sequences first 
and then iteratively adding and aligning other sequences within the set. Stochastic 
alignments rely on aligning random sequences within the set and determining an optimal 
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MSA based on the best generated after iterative re-alignments. Two of the most popular 
tools, Clustal and Muscle, use progressive alignment and a hybrid that uses progressive 
alignments as a seed for a stochastic method, respectively [75,76]. While Clustal and 
Muscle align purely on primary sequence, multiple tools have been developed which 
incorporate secondary structure into the MSA. These tools can be broken into three general 
categories: align then fold, fold then align, and fold and align simultaneously [77,78]. Tools 
such as RNAalifold require an MSA and identify a consensus structure within the aligned 
sequences [79]. Inversely, RNAforester takes secondary structures as input and generates 
an alignment to identify a consensus structure [80,81]. Software that fold and align 
simultaneously, such as FoldAlign, Dynalign, RNAmountAlign, and LocARNA, are able 
to take in unaligned sequences and generate a consensus structure and MSA guided by 
structural similarity [82–85]. While FoldAlign, Dynalign, RNAmountAlign, and 
LocARNA perform with comparable accuracy in benchmarking tests, RNAmountAlign 
has been optimized for speed and performs significantly faster [85]. 
 Using MSA alignments and a consensus structure, a model can be generated to 
represent a given structured RNA motif. The model can then be used to align new 
sequences to existing members of the motif based on sequence and structure homology and 
predict whether a given sequence is a member of the class used to generate the model. Two 
common methods for generating models for structured RNA are Profile Hidden Markov 
Models (Profile-HMM) and Covariance Models (CM). Profile-HMMs use a probabilistic 
model to determine the most likely changes to the aligned sequences and thus determine 
whether a given sequence is a viable member of the model class [86,87]. CMs function 
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similarly, but use a stochastic context free grammar (SCFG), which are a set of probability-
weighted rules able to represent possible RNA structures, to describe the alignment 
sequences and consensus structure of the input MSA [88,89]. In RNA research, Infernal is 
the standard for RNA homology searches, allowing investigators to use a CM trained on a 
MSA to search databases for sequences likely to fit the model based on reported likelihood 
sores [18,90]. 
 When evaluating structured RNA families, one major obstacle is determining 
whether the secondary structure is conserved beyond what would be expected if functional 
structure were not constraining evolution. All RNA sequences will have some secondary 
structure, and homologous RNA sequences are expected to have some primary sequence 
conservation. Therefore, to predict whether an RNA family has a functional secondary 
structure, it becomes necessary to validate that a consensus secondary structure is 
conserved beyond what would be observed in a non-structured RNA. To address this, 
software such as R-scape evaluates if there is observed sequence covariation within RNA 
families that conserves the secondary structure beyond phylogenetic expectation [91,92].  
Covariation and conservation within the primary and secondary structure of these families 
can be visualized using the software R2R [93]. 
 
1.2.3 Graph clustering 
When studying riboswitches, the use of traditional phylogenetics is enticing, but often 
insufficient. Compared to protein coding and gene sequences, there are many challenges 
associated with assessment of riboswitches that are not well addressed by conventional 
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phylogenetic approaches, including: short sequence length, lack of primary sequence 
conservation, and greater focus on secondary structure for biological function. These 
factors contribute to the inability of phylogenetic approaches to fully evaluate structured 
RNA sequences [94]. Short sequence lengths combined with a lack of primary sequence 
conservation means riboswitches lack sufficient character information to gather 
evolutionary relationship estimations. The necessity of secondary structure is also an 
obstacle, as the incorporation of secondary structure into phylogenetic analysis is 
underdeveloped in the field. Some software, such as RAxML, allow for static structure 
models to be implemented into a phylogenetic analysis, and modifications to existing 
algorithms that do not allow for this could be designed to incorporate structure based on 
sequence alignments. However, these approaches do not account for the dynamic structure 
and conformational changes riboswitches undergo, nor overcome the lack of information 
contained within short, highly variable primary sequences. While phylogenetics have been 
applied to studying the genes regulated by riboswitches in order to gain better evolutionary 
understanding [95,96], the direct study of riboswitch sequence and structure remains 
difficult using these methods. To address this, I believe that that use of graph clustering 
could be used to supplement the pairwise evaluation of riboswitches to gain better insight 
into variation and evolution of these structured RNA. 
Graph clustering is a technique that can be applied to find groupings of highly 
related objects based on pairwise distance metrics [97–99]. Researchers can investigate 
how closely related objects are by creating a network of nodes, representing individual 
objects within a set, and connecting each pair of nodes with a weighted edge 
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corresponding to the pairwise similarity of the two nodes it connects. Each node acts as a 
charged particle, repelling others, and each edge acts as a spring, pulling connected nodes 
together. Through a process called thresholding, edges connecting nodes with worse 
pairwise similarity can be pruned out of the network. This results in an overall 
topological shifting of the network structure. Highly similar nodes retain the edges 
connecting them, forming tightly packed clusters, while dissimilar nodes separate. 
Throughout the thresholding process, clustering of groups of nodes can be observed as 
they remain close to more highly similar nodes and repel nodes from other, unconnected 
clusters. We can then evaluate the clustering patterns at thresholds which display high 
separation and modularity within the network. 
Graph clustering can thus be applied to any dataset which can be evaluated based 
on pairwise similarity. Some of the earliest examples investigating biological questions 
using pairwise similarity for dataset clustering is the evaluation of gene expression data. 
In these cases, the vector distance between normalized expression profiles representing 
different conditions and timepoints was used to perform the clustering [100–102]. The 
viability of graph clustering has been demonstrated more recently within the field of 
biology by applying it to various investigations, such metabolic pathways, animal social 
interactions, and neural systems networks [103]. This laid the groundwork for my 
research and utilization of this methodology for the investigation of closely related 
ncRNA motifs, such as riboswitches. 
A major strength of graph clustering is the ability to evaluate sets of riboswitches 
based on a range of different distance metrics. By combining different metrics, riboswitch 
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classes can be evaluated from multiple different angles. This can be done using any 
metric that calculates pairwise similarity between the riboswitch instances, allowing for 
flexibility of the analysis based on the needs of a given project. Thus, measures that 
incorporate purely secondary structure information [104,105], purely sequence 
information [75,106], or a combination of both [82,83,107–109], may be utilized so that 
all available information can be captured. Using these metrics allow a researcher to 
investigate the putative phylogenetic closeness of a given riboswitch or the functional 
relatedness by comparing the sequence and structural similarity. While these metrics are 
ideally suited for the study of structured RNA, any number of other distance metrics 
could similarly be applied to a graph clustering analysis to study riboswitches or other 
biological data. 
Graph clustering provides a methodology for fine-scale comparison of similarity 
within and between groups of homologous RNAs [99].  My adaptation of graph 
clustering to ncRNA allows for comparison of conservation between clusters of related 
ncRNAs. By measuring the density of edges within and between sub-clusters across a 
range of thresholding cutoff values, researchers can determine relative conservation of 
the sub-clusters[98]. These clusters can then be validated using de novo community 
detection methods to corroborate the observed clustering based on a set of algorithms 
[97,110].   
While this approach does not yield the same kind of inferences concerning the 
line of descent as traditional phylogenetic approaches, it does allow researcehrs to assess 
ncRNA similarity based on any metric that can be represented by a pairwise distance. 
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Chapter 2: Regulatory context drives conservation of glycine 
riboswitch aptamers1 
 
2.1  Summary   
 
The glycine riboswitch is a ncRNA responsible for the regulation of several distinct gene 
sets in bacteria. It is found with either one (singleton) or two (tandem) aptamers, each of 
which directly senses glycine. Which aptamer is more important for gene-regulation, and 
the functional difference between tandem and singleton aptamers, are long-standing 
questions in the riboswitch field. Like many biologically functional RNAs, glycine 
aptamers require a specific 3D folded conformation. Thus, they have low primary sequence 
similarity across distantly related homologs, and large changes in sequence length that 
make creation and analysis of accurate multiple sequence alignments challenging. To better 
understand the relationship between tandem and singleton aptamers, I used a graph 
clustering approach that allows us to compare the similarity of aptamers using metrics that 
measure both sequence and structure similarity. My investigation reveals that in tandem 
glycine riboswitches, one aptamer is more highly conserved than the other, and which 
aptamer is conserved depends on what gene(s) are regulated. Moreover, I find that many 
singleton glycine riboswitches likely originate from tandem riboswitches in which the 
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2.2  Abstract 
 
In comparison to protein coding sequences, the impact of mutation and natural selection 
on the sequence and function of non-coding (ncRNA) genes is not well understood. Many 
ncRNA genes are narrowly distributed to only a few organisms, and appear to be rapidly 
evolving. Compared to protein coding sequences, there are many challenges associated 
with assessment of ncRNAs that are not well addressed by conventional phylogenetic 
approaches, including: short sequence length, lack of primary sequence conservation, and 
the importance of secondary structure for biological function. Riboswitches are structured 
ncRNAs that directly interact with small molecules to regulate gene expression in bacteria. 
They typically consist of a ligand-binding domain (aptamer) whose folding changes drive 
changes in gene expression. The glycine riboswitch is among the most well-studied due to 
the widespread occurrence of a tandem aptamer arrangement (tandem), wherein two 
homologous aptamers interact with glycine and each other to regulate gene expression. 
However, a significant proportion of glycine riboswitches are comprised of single aptamers 
(singleton).  Here I use graph clustering to circumvent the limitations of traditional 
phylogenetic analysis when studying the relationship between the tandem and singleton 
glycine aptamers. Graph clustering enables a broader range of pairwise comparison 
measures to be used to assess aptamer similarity. Using this approach, I show that one 
aptamer of the tandem glycine riboswitch pair is typically much more highly conserved, 
and that which aptamer is conserved depends on the regulated gene. Furthermore, my 
analysis also reveals that singleton aptamers are more similar to either the first or second 
tandem aptamer, again based on the regulated gene. Taken together, my findings suggest 
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that tandem glycine riboswitches degrade into functional singletons, with the regulated 
gene(s) dictating which glycine-binding aptamer is conserved. 
 
 
2.3 Background  
 
 
The glycine riboswitch provides a unique opportunity to directly assess how 
riboswitch architecture may change over time or be influenced by which genes are 
regulated.  The glycine riboswitch is commonly found in a tandem conformation where 
two homologous aptamers interact through tertiary contacts to regulate a single expression 
platform (tandem) [31]. The tandem glycine riboswitch conformation is well-studied 
biophysically [29,53,55,59,115–117]. However, there is lack of consensus regarding the 
mechanism of ligand-binding or which of the tandem aptamers is more essential for ligand-
binding to induce gene regulation. Extensive in vitro investigation of a tandem glycine 
riboswitch originating from Vibrio cholerae found that ligand binding of the second 
aptamer (aptamer-2) controlled the expression platform and gene expression, while the first 
aptamer (aptamer-1) primarily played a role in structural stabilization and aptamer 
dimerization [29]. However, in vivo investigation of a tandem glycine riboswitch within 
Bacillus subtilis found that disruption of aptamer-1’s binding pocket impeded riboswitch 
regulation more strongly than disrupting aptamer-2’s [59]. 
A more conventional single-aptamer conformation also appears in nature 
(singleton), but singleton glycine riboswitches require a “ghost-aptamer” that functions as 
a scaffold for tertiary interactions similar to those observed in tandem glycine riboswitches 
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[56]. Glycine riboswitch singletons are divided into two types distinguished by the location 
of the ghost-aptamer with respect to the ligand-binding aptamer. Type-1 singletons have a 
ghost-aptamer 3’ of the aptamer, while the ghost aptamer is 5’ of the glycine aptamer for 
type-2 singletons [56]. The relationship between singleton and tandem glycine 
riboswitches is not well characterized, and the how and why of tandem vs singleton 
riboswitch emergence and conservation is a subject of debate. Glycine riboswitches have 
been identified regulating several different sets of genes (genomic context) [29,31,54,59], 
and may function as either expressional activators (On-switch) [31] or repressors (Off-
switch) [54]. 
 In order to assess the relationship between singleton and tandem glycine 
riboswitches I used both traditional phylogenetics and graph clustering approaches to 
examine glycine aptamer sequences across a range of diverse bacterial species. My 
investigation reveals that genomic context effects which tandem glycine-binding aptamer 
is more highly conserved. It also demonstrates that singleton riboswitches are more similar 
to the first or second tandem aptamer based on genomic context. Taken together, my 
findings suggest strongly that many singleton glycine riboswitches result from degradation 














2.4.1 Riboswitch Identification  
Infernal’s cmsearch function was used to query all RefSeq77 bacterial genomes using the 
RFAM glycine riboswitch covariance model to identify all individual putative glycine 
riboswitch aptamers (RF00504) [18,118,119]. All hits were filtered based on e-value, with 
a threshold of e-5. Putative riboswitches were sorted into components of a singleton or 
tandem glycine riboswitch based on their proximity to any other putative aptamer. Two 
hits within 100nts of each other were considered to be the two aptamers of a tandem 
riboswitch; the largest distance between tandem aptamers observed was 32 nts. I then used 
a set of 30 tandem riboswitches to generate a covariance model which identified both 
tandem riboswitch aptamers together. The generated model is able to identify tandem 
glycine riboswitch aptamers, but does not explicitly include the expression platform due to 
the diversity of mechanisms of action for the glycine riboswitch. This tandem covariance 
model was used to query the RefSeq77 bacterial database and supplement the current set 
of putative glycine riboswitches with any tandems that may have been missed by the 
RFAM covariance model. 2,998 individual riboswitches were identified, 2,216 tandems 
riboswitches and 782 singleton riboswitches. Singletons were then classified as type-1 or 
type-2 based on the location of the ghost aptamer, an adjacent stem structure that functions 
as a scaffold for tertiary interaction with the ligand-binding aptamer. Ghost aptamer 
location was determined based on conformation to covariance models generated from 
singleton type-1 and type-2 riboswitches reported in [58]. Of the 782 singleton 
riboswitches, 342 were characterized as singlet type-1, 125 were characterized as singleton 
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type-2, and 305 were unable to be characterized as one or the other (called singleton type-
0). Bedtools was utilized to determine the nearest downstream gene within 500 nucleotides 
on the same strand, providing a gene that is putatively regulated by each given riboswitch 
[120]. Genes were binned based on function for determination of genomic context of the 
glycine riboswitch. 
 
2.4.2 Riboswitch Phylogenetic Analysis 
Tandem riboswitches were grouped based on taxonomic origin and genomic context. In 
order to incorporate secondary structure information, groups were aligned using 
LocARNA’s mlocarna function for de novo alignment and folding [84,121,122] and 
Infernal’s cmalign function to align to the tandem covariance model [18,90]. Maximum 
likelihood phylogenetic trees were generated from these aligned groups using RAxML 
[123]. Trees from alignments generated by cmalign were run with an accompanying 
secondary structure file to guide phylogenetic maximum likelihood analysis based on 
aptamer sequence and structure. In each case, 100 bootstrap replicates were performed and 
maximum likelihood bootstrap confidence values >=70 are reported.  
 
2.4.3 Graph Clustering and Network Generation  
Graphs of aptamer sequences were generated, with vertices representing individual 
aptamers and edges representing a pairwise similarity metric relating aptamer pairs. Edge 
weights were then thresholded, resulting in trimmed networks of clustered aptamers 
containing only edges connecting pairs with higher similarity than the threshold value. 
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Aptamer networks were generated to determine clustering based on a number of different 
pairwise metrics. These included partition function (RNApdist) [104,105], sequence and 
structural similarity (FoldAlign and Dynalign) [82,83,107,108], ensemble expected 
mountain height (RNAmountAlign) [109], and sequence similarity (Clustal Omega) [75]. 
Pairwise values were utilized to generate and visualize aptamer networks using the igraph 
and qgraph R-libraries [110,124]. Optimal visualization thresholds vary between sets 
relative to the taxonomic diversity represented within them. Clustering of riboswitch 
groups based on genomic context and aptamer type were compared by network density 
across a range of thresholds for each distance metric.  
Modular clusters were identified using igraph’s community identification functions 
cluster_fast_greedy, cluster_walktrap, cluster_edge_betweenness, and 
cluster_leading_eigen. These algorhithms differ in that cluster_fast_greedy is a more 
traditional hierarchical clustering that generates a dendrogram based on pairing nodes 
connected by increasing strength of edges within the network[111], while 
cluster_edge_betweenness works using an inverted method that begins with the removal 
of weak edges from the network[112]. Cluster_walktrap uses a random-walk methodology 
to identify communities based on the assumption that short random-walks tend to remain 
in communities due to higher edge density[113]. The cluster_leading_eigen algorithm uses 
a spectral clustering methodology that first calculates the modularity matrix by subtracting 
the probability matrix from the adjacency matrix, then identifies the largest positive 
eigenvalue. The corresponding eigenvector can then be used to separate the nodes based 
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on the sign (positive or negative) of their corresponding element within the 
eigenvector[114]. 
Following cluster identification, I performed 100 replicates of a parametric 
bootstrapping analysis which perturbs 5% of the network and then re-clusters. This analysis 
perturbs the network by adding/removing edges at random in a 1:1 ratio, resulting in a 
network that contains the same nodes and an equivalent number of edges, but 5% of the 
edges connect different nodes. For each iteration, I determined the new clustering for the 
group of interest using the igraph community detection methods. These were then 
compared to the original group that had no perturbation. This comparison was done across 
all 100 iterations and uses Jaccard Similarity Index to calculate similarity of each post-
perturbation cluster to the original cluster. Average Jaccard Similarity Index across the 100 
iterations was used to determine robustness for the clusters. Cluster composition was also 
validated by MCL [125] and DBSCAN [126] clustering. 
 Network density was calculated by determining the percent of total possible 
pairwise edges remaining for a given set of vertices after edge-trimming based on a distance 
metric threshold. Inter- and intra-group density calculations represent edge-density within 
a group and between groups, respectively. The network density measured across a range 
of thresholds correlates to aptamer similarity with respect to a given distance metric used 
to weight edges. These generated graphs equate to a flipped cumulative distribution of 
possible edges and actual edges for a cluster as I threshold the network based on edge 
weights. 
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2.4.4 Consensus Structure Generation  
I generated Stockholm files for sets of riboswitches using a combination of LocARNA’s 
mlocarna function [121] and alignment to the covariance models using Infernal’s cmsearch 
function [18]. Ralee was then used to perform minor curation of alignments and VARNA 
was implemented for secondary structure visualization throughout the process [127,128]. 
R2R was then used to generate consensus structures based on these Stockholm files [93]. 
The “#=GF R2R SetDrawingParam autoBreakPairs true” flag was used to allow for 





2.5.1 Glycine riboswitches within the Bacillaceae and Vibronaceae families cluster 
based on genomic context.  
My first goal was to computationally investigate the differences observed between the V. 
cholerae and B. subtilis tandem riboswitches by conducting a comprehensive sequence 
analysis of glycine aptamers. To identify glycine riboswitch aptamers, I used the RFAM 
covariance model RF00504 to search RefSeq77 [118,119,129]. Identified aptamers within 
100 nucleotides (nts) of each other were considered to be part of a tandem riboswitch. A 
tandem aptamer covariance model was created using infernal and trained from this 
identified set and used to search RefSeq77 to supplement the dataset [18,90]. In total, 2,998 
individual riboswitches were identified, 2,216 tandem riboswitches and 782 singleton 
riboswitches. Each was classified by genomic context based on the RefSeq annotated 
function of the putatively regulated gene. This dataset does not include the variant glycine 
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riboswitches identified in a previous study [68], as the vast majority of these examples are 
present in metagenomic data, and therefore are not within RefSeq77. 
To determine whether the functional differences observed between the glycine 
riboswitches from B. subtilis and V. cholerae are reflective of detectable sequence 
variation/divergence across their respective families, I first performed a phylogenetic 
analysis on examples from the dataset found within the Bacillaceae and Vibrionaceae 
bacterial families.  I gathered sequences spanning both aptamers from 48 Bacillaceae and 
37 Vibrionaceae tandem riboswitches. Within this set, all 37 Vibrionaceae riboswitches 
regulate transport proteins (TP), while 41 Bacillaceae riboswitches regulate glycine 
cleavage system (GCV) and the remaining 7 regulate TP (Table 2.1). I then utilized 
RAxML to generate a phylogenetic tree (Figure 2.1A) from these sequences and the 
consensus secondary structure from alignment to the tandem covariance model using 
Infernal. The tree shows clustering within the group of Bacillaceae riboswitches regulating 
GCV, as well within Bacillaceae riboswitches regulating TPs. However, there is a clear 
phylogenetic separation of the two groups of Bacillaceae riboswitches, splitting them into 
distinct clades. Furthermore, the clade representing Bacillaceae riboswitches regulating TP 
more closely clustered with the clade of riboswitches from Vibrionaceae regulating TP, 
although each set forms a distinct group. This finding suggests that genomic context may 
play a prominent role in the evolution of tandem glycine riboswitches. 
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Figure 2.1: Phylogenetic comparison of tandem riboswitches across Bacillaceae and 
Vibrionaceae. 
A) 48 Bacillaceae and 37 Vibrionaceae tandem riboswitches were clustered based on 
aptamer sequence and structure across both aptamers of the riboswitch. After 
phylogenetic clustering, individual aptamers were colored based on the class of gene 
being regulated and the bacterial family of origin (Vibrionaceae TP are orange, 
Bacillaceae TP are purple, Bacillaceae GCV are green). Clusters have been labeled with 
the bacterial family and gene class being regulated. Bootstrap support values are 
displayed for 100 replicates when >=70. B,C) Phylogenetic clustering of 48 tandem 
riboswitches, separated into aptamer-1 (B) and aptamer-2 (C), taken from the 
Bacillaceae family and colored according to class of gene being regulated (GCV are 
green, TP are purple). All trees are midpoint rooted. 
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2.5.2 Bacillaceae tandem riboswitches display different patterns of aptamer  
conservation based on genomic context. 
To investigate whether the evolutionary pressure driving divergence of tandem glycine 
riboswitches regulating GCV and TP occurs evenly across both aptamers, or is specific to 
a single aptamer, I split tandem riboswitches within the Bacillaceae family into individual 
aptamers (Table 2.2, 2.3). This provided us with two groups: one containing all aptamer-
1’s (first aptamer) and one containing all aptamer-2’s (second aptamer). I then generated a 
phylogenetic tree for each set to determine whether the phylogenetic divergence seen 
within the riboswitch set is explained by variances within one specific aptamer or is present 
in both (Figure 2.1B, C). Both aptamer-1 and aptamer-2 sets display clear clustering based 
on genomic context. This indicates that divergence of tandem glycine riboswitches in 
differing genomic contexts cannot be fully explained by variation within the first or second 
aptamer alone. Moreover, within the GCV context, it appears that aptamer-1 is more highly 
conserved than aptamer-2, as indicated by the shorter branch lengths across the clade 
(Figure 2.1B, C). 
 
2.5.3 Genomic context dictates aptamer clustering in Bacillaceae and Vibrionaceae. 
To better understand how the homologous aptamers of the tandem glycine riboswitch have 
diverged, I broadened the taxonomic scope and focused my investigation onto the 
individual aptamer domains of the glycine riboswitch. However, the shorter sequence 
length of the individual glycine aptamers confounded the analysis. Thus, relative 
conservation of aptamer-1 to aptamer-2 in different genomic contexts was investigated 
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using graph clustering of all Bacillaceae and Vibrionaceae aptamers within a given 
genomic context, excluding identical aptamer pairs coming from different strains of the 
same species. This set comprised of 84 pairs of aptamer-1 and aptamer-2 from Bacillaceae 
regulating GCV and 36 pairs from Vibrionaceae regulating TP (Table 2.4, 2.5). The 
number of TP riboswitches was reduced by one in this analysis compared to the previous, 
as one of the riboswitches was no longer unique within the set when evaluating only the 
individual aptamer sequences. 
Figure 2.2: Clustering of tandem riboswitch aptamers across Bacillaceae and 
Vibrionaceae. 
A) Bacillaceae and Vibrionaceae tandem riboswitch aptamers were clustered using 
RNAmountAlign as a distance metric (threshold of 5). All represented Bacillaceae 
riboswitches regulate GCV (top), while Vibrionaceae riboswitches regulate TP 
(bottom). Aptamers are colored based on aptamer type, purple for aptamer-1 and 
green for aptamer-2.  B) Network density was calculated for each aptamer in both 
networks across a range of RNAmountAlign thresholds.  Dotted red line indicates the 
RNAmountAlign threshold (5) at which the networks in A were visualized. C) Box 
blots represent all pairwise edge-weights within each aptamer type. **** p-value < 
2x10-16. 
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I generated networks comprised of vertices corresponding to individual glycine 
riboswitch aptamers with edges weighted based on the pairwise RNAmountAlign distance 
score [109]. RNAmountAlign was chosen as the primary metric for edge-weighting in this 
work due to its implemented use of primary sequence information and ensemble mountain 
distance of secondary structure to generate a pairwise score more quickly and efficiently 
than other software. After weighting with RNAmountAlign, edges were trimmed if they 
were below a selected RNAmountAlign threshold, thus altering the topology of the 
network from completely pairwise to containing clusters of aptamers whose similarity is 
greater than the threshold. Thresholding was done across a range of RNAmountAlign 
scores to identify conserved aptamer groups which retained tight clustering (Figure 2.2A). 
Each network corresponds to a specific genomic context, TP or GCV. I find that within 
these contexts, aptamers group based on their position within the tandem arrangement 
(aptamer-1 vs. aptamer-2). Network density, defined as the fraction of edges present within 
a group compared to the total number of edges in the non-thresholded network, was 
calculated across a range of RNAmountAlign score thresholds and used to gauge relative 
conservation of each aptamer type for each genomic context (Figure 2.2B). Differing 
cluster densities between aptamer types revealed that genomic context effects which 
aptamer is more highly conserved: aptamer-1 is more highly conserved in riboswitches 
regulating the GCV, while aptamer-2 is more highly conserved in those regulating TP.  A 
Wilcoxon rank-sum analysis of all intra-group edges was performed as well to validate 
these findings (Figure 2.2C). I obtain very similar findings using a variety of alternative 
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distance metrics calculated using Dynalign [83,107], FoldAlign [82,108], Clustal Omega 






Figure 2.3: Clustering of Bacillaceae tandem riboswitch aptamers using Dynalign, 
FoldAlign, Clustal Omega, and RNApdist. 
A) Dynalign intra-edge density across a range of -500 to 0 (x-axis reversed to display 
decreasing density). 
B) FoldAlign intra-edge density across a range of 0 to 2000. 
C) Clustal Omega intra-edge density across a range of 0 to 100. 










































































S1  Fig: Clustering of Bacillaceae tandem riboswitch aptamers using Dynalign, FoldAlign, 
Clustal Omega, and RNApdist.
A) Dynalign intra-edge density across a range of -500 to 0 (x-axis reversed to display decreasing density).
B) FoldAlign intra-edge density across a range of 0 to 2000.
C) Clustal Omega intra-edge density across a range of 0 to 100.



















Figure 2.4: Clustering of Vibrionaceae tandem riboswitch aptamers using Dynalign, 
FoldAlign, Clustal Omega, and RNApdist. 
A) Dynalign intra-edge density across a range of -500 to 0 (x-axis reversed to display 
decreasing density). 
B) FoldAlign intra-edge density across a range of 0 to 2000. 
C) Clustal Omega intra-edge density across a range of 0 to 100. 










































































S2 Fig: Clustering of Vibrionaceae tandem riboswitch aptamers using Dynalign, FoldAlign, Clustal Omega, 
and RNApdist.
A) Dynalign intra-edge density across a range of -500 to 0 (x-axis reversed to display decreasing density).
B) FoldAlign intra-edge density across a range of 0 to 2000.
C) Clustal Omega i -edge density across a range of 0 t  100.
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2.5.4 Bacilli class of bacteria shows clustering of singleton and tandem aptamers 
together. 
To assess the relationship between singleton and tandem riboswitches, I implemented 
graph clustering of individual aptamers from both tandem and singleton glycine 
riboswitches. I first categorized singleton aptamers within the dataset (includes all bacteria, 
refseq77-microbial) into singleton type-1 or singleton type-2 based on whether the ghost 
aptamer was found 3’ or 5’ of the glycine aptamer. Of 782 singleton riboswitches, 342 
were characterized as singlet type-1, 125 as singleton type-2, and 305 were unable to be 
conclusively characterized as one or the other (designated singleton type-0) (Table 2.6). I 
found that singleton type-1 riboswitches regulate GCV 93% of the time, while 90% of the 
singleton type-2 riboswitches regulate TP. This context dependent appearance of singleton 
riboswitches agrees with previous findings and gives confidence in my singleton 
annotation pipeline [58].  
I then implemented graph clustering on a set containing all glycine riboswitch 
aptamers from Bacilli, excluding identical aptamers coming from different strains of the 
same species, totaling 436 aptamers (Figure 2.5A) (Table 2.7). This set from the Bacilli 
class was selected for its representation of both GCV (58%) and TP (31%) regulating 
riboswitches. Remaining riboswitches were labeled as regulating genes involved in glycine 
metabolism (Gly_Met) that is not part of the GCV operon or as Other. Using four distinct 
de novo community detection algorithms available in R (see methods) I identified modular 
communities within the set. Communities were selected based on each groups’ core cluster, 
which was present within all community detection algorithms utilized. Aptamers that were 
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found to be grouped with the core cluster in at least half of the community detection 
algorithms were subsequently added to the cluster. Cluster stability was verified using 100 
replicates of parametric bootstrapping (Table 2.8) (see methods), as well as comparison to 
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MCL [125] and DBSCAN [126] clustering output. This resulted in clusters comprised of a 
highly conserved core set and aptamers that closely grouped with them. Most communities 
contain either aptamers derived from a tandem arrangement or singleton aptamers. 
However, two communities included both singlet and tandem derived aptamers. The first 
contains singleton type-1 aptamers and aptamer-1 of tandem riboswitches, all regulating 
GCV. The second includes singleton type-2 aptamers and aptamer-2 of tandem 
riboswitches, all regulating TP (Figure 2.5B).  
Members of both mixed communities were extracted and networks were generated 
for each as described above (Figure 2.5C). For aptamers originally part of a tandem 
arrangement, the paired aptamer was included to assess relative conservation (Table 2.9, 
2.10) of the singlet aptamers to each tandem aptamer type. I determined relative 
conservation between aptamer types by calculating the network density of edges 
connecting each aptamer type (inter-edge density) (Figure 2.5D) across a range of 
RNAmountAlign thresholds. I observe that singleton type-1 aptamers regulating GCV are 
Figure 2.5: Clustering of glycine riboswitch aptamers identified within the Bacilli class of 
bacteria. 
A) Aptamers within the Bacilli bacterial class were identified and clustered based on 
RNAmountAlign pairwise similarity (visualized at threshold of 12).  B) Sub-clusters 
(communities) were identified using the four community detection functions within R’s 
igraph package. Two communities were identified that contain two different aptamer types: 
aptamer-1 and singlet type-1, and aptamer-2 and singlet type-2 that regulate GCV and TP 
respectively. Network shows visualization of the community detection algorithm 
cluster_fast_greedy (as implemented by R). Node colors correspond to distinct clusters 
detected. C) The two sub-clusters containing different aptamer types were parsed from the 
overall network, the tandem aptamers’ partners were added to the set (as an out group within 
the same context), and graph clustering was visualized (RNAmountAlign threshold of 5). D) 
Edge density between aptamer groups was calculated for networks generated across a range 
of RNAmountAlign edge-weight thresholds. Dotted red line indicates the RNAmountAlign 
threshold (5) at which the networks in (C) were visualized. 
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most similar to aptamer-1 of tandem riboswitches in the same context and conversely that 
singleton type-2 aptamers regulating TP are most similar to aptamer-2 of tandem 
riboswitches in the same context. The inter-edge density between singleton type-1 
aptamers and tandem aptamer-1’s regulating GCV is comparable to that seen between 
singleton type-2 aptamers and tandem aptamer-2’s regulating TP (Figure 2.5D). These two 
groupings also represent the highest conservation across aptamer types within their 
networks, with other pairings being comparable to inter-edge density measurements with 
a random set of 40 aptamers (Table 2.11). Using Dynalign, FoldAlign, Clustal Omega, and 
RNApdist as distance metrics yields similar findings (Figures 2.6, 2.7). 
To further investigate the similarities between these aptamers, I generated 
consensus structures of the riboswitches found within each genomic context using a 
combination of tools (see methods). Consensus structures of riboswitches regulating GCV 
show tandem aptamer-1 and singleton type-1 aptamers have high conservation of the P2 
and P3 stems, as well as the binding pocket, while the P1 stem of tandem aptamer-2 shows 
high conservation with the singleton type-1 ghost aptamer (Figure 2.8A, B). This 
conservation of the ghost aptamer P1 stem correlates with the region required for tertiary 
interactions of tandem and singleton riboswitches [56]. This is observed within 
riboswitches regulating TP as well, except the aptamer of singleton type-2 and tandem 
aptamer-2 are the conserved aptamers (Figure 2.8C, D). I then used R-scape to identify 
significantly covarying nucleotide pairs throughout the structures, which revealed highly 
correlating patterns between the singleton aptamer and corresponding tandem aptamer 
within each context (Figure 2.8A-D). Interestingly the ghost aptamers did not show 
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significant covariation, and this was reflected in the lack of significant covariation within 
the P1 stem of the corresponding tandem aptamer in each context.  This could be due to 
the ghost aptamer, and corresponding tandem P1 stem, undergoing A-minor interactions 
with the P3 internal-loop of the adjacent aptamer during ligand binding. The importance of 
these interactions in the riboswitches structural stability could be necessitating high 
conservation at a nucleotide level that precludes covarying mutations within the ghost 
aptamers. 
Together, my results indicate three things about Bacilli glycine riboswitch aptamers 
within each genomic context: 1) one tandem aptamer shows high conservation to the 
singleton aptamer, 2) conservation between the alternative tandem aptamer and singleton 
aptamers is no greater than conservation of the singleton to a random set of glycine 
riboswitch aptamers, and 3) ghost aptamer location correlates with the less conserved 
tandem aptamer. This fits with a model wherein these singleton riboswitches are the result 
of tandem riboswitch degradation, and which aptamer to be conserved and which to be 
degraded is dependent on genomic context. If the situation was reversed and tandems were 
the result of duplication events of singleton riboswitches, I would expect higher 
conservation between the singleton aptamer and both tandem aptamers compared to a 
random set of glycine riboswitch aptamers. However, I only observe such conservation 























































































S6 Fig: Clustering of Bacilli aptamer-1 and singleton type-1 aptamer subset using Dynalign, FoldAlign,
Clustal Omega, and RNApdist.
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display decreasing 
density).
B) FoldAlign inter-edge density across a range of 0 to 2000.
C) Clustal Omega inter-edge density across a range of 0 to 100.
D) RNApdist inter-edge density across a range of 0 to 100 (x-axis reversed to display decreasing 
density).
Figure 2.6: Clustering of Bacilli aptamer-1 and singleton type-1 aptamer subset 
using Dynalign, FoldAlign, Clust l Omega, and RNApdist. 
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display 
decre sing density). 
B) FoldAlign inter-edge density across a range of 0 to 2000. 
C) Clustal Omega inter-edge density across a range of 0 to 100. 


















Figure 2.7: Clustering of Bacilli aptamer-2 and singleton type-2 aptamer subset 
using Dynalign, FoldAlign, Clustal Omega, and RNApdist. 
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display 
decreasing density). 
B) FoldAlign inter-edge density across a range of 0 to 2000. 
C) Clustal Omega inter-edge density across a range of 0 to 100. 











































































S7 Fig: Clustering of Bacilli aptamer-2 and singleton type-2 aptamer subset using Dynalign, FoldAlign,
Clustal Omega, and RNApdist.
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display decreasing 
density).
B) FoldAlign inter-edge density across a range of 0 to 2000.
C) Clustal Omega inter-edge density across a range of 0 to 100.
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2.5.5 Actinobacteria riboswitches display similar clustering pattern observed in 
Bacilli.  
To determine whether these patterns are observed within other clades of bacteria, I 
gathered all glycine aptamers within the dataset in the Actinobacteria phylum (distantly 
related to both the Vibrio and Bacilli classes analyzed previously), excluding identical 
aptamers coming from different strains of the same species, totaling 606 aptamers (Table 
2.12). I then evaluated all aptamers within the set in the same manner as the Bacilli 
investigation. Within this phylum, glycine riboswitches primarily regulate GCV (74%) or 
other genes involved in glycine metabolism (22%). I identified a group of 34 conserved 
aptamers corresponding to riboswitches regulating GCV (Figure 2.9A) and utilized de 
novo community detection algorithms to validate my observation (Figure 2.9B). Cluster 
stability was verified using 100 replicates of parametric bootstrapping (Table 2.8) (see 
methods), as well as comparison to MCL and DBSCAN clustering output. The aptamers 
within this group comprised primarily singleton type-1 aptamers and tandem aptamer-1 
sequences, with five singleton type-0 and two singleton type-2 aptamer sequences 
accounting for the remainder. The singleton type-2 aptamers within the set may be 
misclassified aptamers or examples of singleton aptamers which do not conform to the 
patterns observed for other investigated aptamers. I performed graph clustering on the 
group, with paired tandem aptamer-2s included as an out-group, to investigate conservation 
of aptamer types (Figure 2.9C) (Table 2.13). I then calculated the edge densities within 
and between singleton type-1 aptamers, tandem aptamer-1s, and tandem aptamer-2s, which 
demonstrate a clear conservation between singleton type-1 aptamers and tandem aptamer-
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1s (Figure 2.9D). These findings fit my conclusions drawn from the Bacilli class of 
bacteria. Using Dynalign, FoldAlign, Clustal Omega, and RNApdist as distance metrics 





























































S8 Fig: Clustering of glycine riboswitch aptamers identified within the Actinobacteria phylum of bacteria.
A) Aptamers within the Actinobacteria bacterial phylum were identified and clustered based on RNAmountAlign 
pairwise similarity (visualized at threshold of 12). 
B) Sub-clusters (communities) were identified using the four community detection functions within R’s igraph package.
One community containing primarily two different aptamer types: aptamer-1 and singlet type-1 was identified. 
Display visualization uses the community detection algorithm cluster_fast_greedy. Node colors correspond to distinct 
clusters detected. 
C) The community containing different aptamer types was parsed from the overall network, the tandem aptamers’ 
partners were added (as an out group within the same context), and graph clustering was visualized (RNAmountAlign 
threshold of 5). 
D) Edge density between aptamer groups was calculated for networks generated across a range of RNAmountAlign 
edge-weight thresholds. Solid lines correspond to edge density within a group and dashed line correspond to edge 
density between the two indicated groups. Dotted red line indicates the RNAmountAlign threshold (5) at which the 
networks in (C) were visualized.
Figure 2.9: Clusteri g of glycine riboswitch aptamers identified within the Acti obacteria 
phylum of bacteria. 
A) Aptamers within the Actin bact ria b ct rial phylu  were identified and cluster  based 
on RNAmountAlign pairwise similarity (visualized at threshold of 12). B) Sub-clusters 
(communit es) were identified using he four community det ction functions within R’s 
igraph package. One community containing primarily two different aptamer types: aptamer-
1 and singlet type-1 was identified. Display visualization uses the community detection 
algorithm cluster_fast_greedy. Node colors correspond to disti ct clust rs detected. C) The 
community containing different aptamer types was parsed from the overall network, the 
tandem aptamers’ partners were added (as an out group within the same context), and graph 
clustering was visualized (RNAmountAlign threshold of 5). D) Edge density between 
aptamer groups was calculated for networks generated across a range of RNAmountAlign 
edge-weight thresholds. Solid lines correspond to edge density within a group and dashed 
line correspond to edge density between the two indicated groups. Dotted red line indicates 
the RNAmountAlign threshold (5) at which the networks in (C) were visualized. 












Figure 2.10: Clustering of Actinobacteria aptamer-1 and singleton type-1 aptamer 
subset using Dynalign, FoldAlign, Clustal Omega, and RNApdist. 
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display 
decreasing density). 
B) FoldAlign inter-edge density across a range of 0 to 2000. 
C) Clustal Omega inter-edge density across a range of 0 to 100. 

















































































S11 Fig: Clustering of Actinobacteria aptamer-1 and singleton type-1 aptamer subset using Dynalign, FoldAlign, 
Clustal Omega, and RNApdist.
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display decreasing density).
B) FoldAlign inter-edge density across a range of 0 to 2000.
C) Clustal Omega inter-edge density across a range of 0 to 100.
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2.5.6 Clustering based on genomic context is observed throughout entire bacterial 
kingdom.  
To determine whether clustering patterns observed within the Bacilli class and 
Actinobacteria phylum are reflected throughout the rest of the bacterial kingdom and can 
be observed among randomly selected aptamers, I randomly selected 150 distinct glycine 
riboswitch aptamers each for the GCV and TP genomic context (Table 2.14, 2.15). The 
selection retained comparable numbers of each aptamer type and excluded singleton type-
0 aptamers. Singleton type-1 and type-2 aptamers are underrepresented in the TP and GCV 
regulating sets, respectively, because each aptamer type has few instances within that 
genomic context. Despite the diverse taxonomic range represented within this dataset, the 
generated networks display clustering patterns which align with my previous observations: 
a tendency towards clustering of singleton type-1 aptamers with tandem aptamer-1s when 
regulating GCV, and clustering of singleton type-2 aptamers with tandem aptamer-2s when 
regulating TP (Figure 2.11). Inter-edge density graphs of the aptamers shows similar 
trends to those seen within the Bacilli class and Actinobacteria phyla. Using Dynalign, 
FoldAlign, Clustal Omega, and RNApdist as distance metrics yield similar findings 
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Figure 2.11: Clustering of random glycine riboswitch aptamers across the bacterial 
kingdom. 
Network visualization of 150 randomly chosen aptamers regulating GCV (A) and TP (B) 
were clustered based on RNAmountAlign pairwise similarity (threshold -5). Only 
singletons that could be classified as type-1 or type-2 were included in this set. 
Inter-edge density was calculated between aptamer types across a range of 
RNAmountAlign thresholds for the GCV regulating set (C) and the TP regulating set (D). 
Dotted red line on graphs indicate the threshold at which the clusters were visualized in 
Figure 5. Only singletons that could be classified as type-1 or type-2 were included in this 
set. 













Figure 2.12: Clustering of random riboswitch aptamers regulating GCV using 
Dynalign, FoldAlign, Clustal Omega, and RNApdist. 
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display 
decreasing density). 
B) FoldAlign inter-edge density across a range of -500 to 1500. 
C) Clustal Omega inter-edge density across a range of 0 to 100. 












































































S13 Fig: Clustering of random riboswitch aptamers regulating GCV using Dynalign, FoldAlign, Clustal Omega, and 
RNApdist.
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display decreasing density).
B) FoldAlign inter-edge density across a range of -500 to 1500.
C) Clustal Omega inter-edge density across a range of 0 to 100.






























































































S14 Fig: Clustering of random riboswitch aptamers regulating TP using Dynalign, FoldAlign, Clustal Omega, and 
RNApdist.
A) Dynalign inter-edge density across a range of -500 to 0 (x-axis reversed to display decreasing density).
B) FoldAlign inter-edge density across a range of -500 to 1500.
C) Clustal Omega inter-edge density across a range of 0 to 100.
D) RNApdist inter-edge density across a range of 0 to 100 (x-axis reversed to display decreasing density).
Figure 2.13: Clustering of random riboswitch aptamers regulating TP usi g Dynalign, 
FoldAlign, Clustal Omega, and RNApdist. 
A) Dynalign inter-edge den ity cross a range of -500 to 0 (x-axis reverse  to display 
decreasing density). 
B) FoldAlign inter-edge density across a range of -500 to 1500. 
C) Clustal Omega inter-edge density across a range of 0 to 100. 














The tandem aptamers of the glycine riboswitch have fascinated RNA biologists since their 
identification in 2004 [5,31]. Extensive work has assessed whether the two homologous 
aptamers of the tandem glycine riboswitch functioned cooperatively [53,55,115,116], 
which tandem aptamer was more important for ligand binding [29,59], and what, if any, 
benefit a tandem conformation provided over the singleton glycine riboswitch [56]. In this 
work I use graph clustering analysis to investigate a similarly divisive question: what is the 
evolutionary relationship between tandem and singleton glycine riboswitches? While it 
may appear intuitive to believe that the tandem riboswitches that have been identified are 
the result of a duplication of identified singleton riboswitches, the findings point towards 
most singleton riboswitches being the result of tandem riboswitch degradation. 
Phylogenetic evaluation of Bacillaceae and Vibrionaceae tandem riboswitches 
revealed that genomic context impacts riboswitch evolution. This is illustrated by 
Bacillaceae riboswitches which regulate TP grouping more closely with Vibrionaceae 
riboswitches regulating TP than with Bacillaceae riboswitches regulating GCV. Further 
investigation into the individual aptamers of Bacillaceae tandem riboswitches regulating 
GCV compared to TP showed that both aptamers individually show the same pattern of 
divergence.  
Taking this analysis a step farther using graph clustering, I was able to determine 
that genomic context dictates which aptamer within a tandem glycine riboswitch is more 
highly conserved: aptamer-1 is more highly conserved in riboswitches regulating GCV, 
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while aptamer-2 is more highly conserved in those regulating TP. These findings provide 
an elegant answer to a contradiction within the field in which investigations of diverse 
glycine riboswitch homologs yielded different results for whether ligand-binding of the 
first or second aptamer is more important for functionality [29,59]. The results align with 
both studies’ findings: the aptamer identified as the essential binding partner for regulation 
in each study is the aptamer found in the study to be more highly conserved within that 
genomic context. With the results of these previous studies combined with this new 
perspective provided by the data, it is reasonable to conclude that a difference in genomic 
context has driven glycine riboswitches to conserve different primary ligand-binding 
aptamers. Widespread horizontal transfer of the riboswitch with its accompanying gene 
could account for these findings. To investigate this possibility, I generated gene trees for 
aminomethyltransferases and symporters preceded by glycine riboswitches. From these 
trees, there is limited evidence of horizontal transfer of these genes (Table 2.16, 2.17).  
My observation that tandem glycine riboswitch evolution is affected by genomic 
context led us to question the impact of genomic context on singleton glycine riboswitches. 
I extended my network analysis to singleton riboswitches, which provided valuable insight 
into the relationship of tandem and singleton glycine riboswitches.  Clustering of singleton 
and tandem aptamers from the Bacilli and Actinobacteria clades revealed that singleton 
aptamers are more similar to the first or second tandem aptamer based on genomic context: 
singleton type-1 aptamers regulating GCV are more similar to aptamer-1 of tandems 
regulating GCV, while singleton type-2 aptamers regulating TP are more similar to 
aptamer-2 of tandems regulating TP. This similarity of singletons to one tandem aptamer 
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within a genomic context is highlighted by the fact that the singleton aptamers show no 
higher similarity with the other tandem aptamer than with a random set of 40 glycine 
riboswitch aptamers. This is observed within both GCV and TP regulating riboswitches 
and directs us towards the conclusion that singleton riboswitches are the remnants of 
degraded tandem aptamers.  
I propose a model for the evolutionary path of the glycine riboswitch in which 
tandem riboswitches become singleton riboswitches by undergoing degradation of one 
aptamer into a ghost aptamer which retains regions relevant to tertiary interaction (Figure 
2.14). In this model, the aptamer which is conserved is dependent on genomic context. The 
different conservation of tandem aptamers based on genomic context also fits recent studies 
that demonstrate a high likelihood that whether a glycine riboswitch is regulating TP or 
GCV is predictive of whether they are an on or off switch [31,54,58,59]. This fits a logical 
model for cellular response to high concentrations of glycine as a toxin [59,130–134]: 
genes responsible for glycine degradation become upregulated and those involved in 
glycine uptake become downregulated. In this way riboswitches in each genomic context 
protect the cell from the glycine toxicity as concentrations increase. This difference in 
regulation functionality accounts for riboswitches in different genomic contexts diverging, 
culminating in conservation of different aptamers and ultimately the formation of singleton 
riboswitches. It is possible that some singletons may have arisen from deletion of the 
middle section of a tandem riboswitch, leaving the 5’ half of aptamer 1 and the 3’ half of 
aptamer 2, resulting in a singleton. However, this scenario seems unlikely because it does 
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not account for the ghost aptamer, which is important for structural stability of the glycine 
riboswitch.  
While I have used graph clustering to unravel a specific discrepancy arising in 
existing experimental data, my approach may be used more broadly to assess how other 
riboswitches and other ncRNAs evolve and change over time. Variations in homologous 
riboswitch aptamers have demonstrated functional consequences. There are a range of 
variant riboswitch classes that interact with differing ligands [68,135,136], the most 
compelling of which are the homologous ykkC riboswitches [5,137] which include at least 
Figure 2.14: Model of 
glycine riboswitch 
evolution. 
Model proposed for the 
evolution and divergence 
of the glycine riboswitch. 
In this model a progenitor 
tandem riboswitch 
conserves one of the 
tandem aptamers based 
on the genomic context of 
the riboswitch, while the 
other slowly degrades 
down to the minimalistic 
components required for 
tertiary interaction to 
drive gene regulation. In 
this way, tandem glycine 
riboswitches may degrade 
into functional singleton 
tandem riboswitches. 
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five subclasses each of which binds a distinct ligand and regulate a distinct set of genes 
[37,50,61,62]. There are also examples where structurally distinct riboswitches interact 
with the same or very similar ligands, such as the seven riboswitch classes involved in 
regulating S-adenosylmethionine concentration [63,138]. These RNAs include the 
SAM/SAH riboswitch which has been proposed to be a minimalistic form of a SAM 
riboswitch that evolved in organisms which readily degrade SAH [66]. The approaches I 
developed circumvent the limitations of traditional phylogenetic methods for assessing 
ncRNA similarity and enable identification of patterns in aptamer conservation that may 
point toward differences in biological function across diverse organisms.  
 
Chapter 3: Clustering validation using ykkC riboswitches 
 
54 




 While the ability of computational methods to classify homologous ncRNA 
families has increased drastically in recent decades, researchers still lack systematic 
methods for evaluating the diversity and subtypes within those families. Investigating 
diversity within ncRNA classes is crucial to understanding how they diverge and evolve 
new functionality. However, nuanced evaluation of homologous ncRNA raises problems 
not often encountered when dealing with datasets of other homologous molecules, such as 
proteins. ncRNA can vary greatly in their distribution and often lack high primary sequence 
homology, as the structural components driving function are often not conserved in 
sequence. To investigate variation within ncRNA classes, an approach that focuses on the 
pairwise relationship between individual instances within an identified class is needed. 
This would allow for grouping more highly related instances based on a range of similarity 
metrics. Graph clustering provides this analysis structure, allowing researchers to study sub 
clusters within a ncRNA class that could potentially have functional and/or evolutionary 
relevance. Here, I present that graph clustering is able to distinguish between various ykkC 
subtype riboswitches, as well as perform local structural evaluation of the P3 stem-loop to 
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3.2 Background  
 
 Riboswitch classes are primarily distinguished based on the specific ligand that is 
bound by the members. While many riboswitch classes have had their ligand identified, 
there are many more that have not been classified which are likely to play important 
biological roles [139]. These orphan riboswitches are often looked at as untapped sources 
of diversity and insight for functional RNA research [68]. However, variation within 
already identified classes of riboswitches hold this same potential. Therefore, investigating 
the diversity within and between riboswitch classes is vital to gaining a deeper 
understanding of riboswitches as a whole, including what factors drive divergence, the 
functional impact of the variation, and implementation in synthetic systems. 
In recent years, studies have highlighted the functional importance of diversity 
within and across defined riboswitch classes. The ykkC riboswitches share high structural 
homology and were previously characterized as a single class based on the similarity, but 
were subsequently discovered to be composed of multiple classes that bind distinct ligands 
[5,37,50,61,137]. On the other hand, the SAM family of riboswitches represent a set of 
distinct riboswitch structures that each bind a common ligand [63]. Evidence suggests that 
the SAM-SAH riboswitch may be a descendent of a SAM riboswitch that lost specificity 
in a SAH-limited environment [66]. The glycine riboswitch has been demonstrated to have 
undergone divergence across genomic contexts to function as an on-switch when regulating 
the glycine degradation pathway and an off-switch when regulating amino acid transporters 
[54,57–60]. These types of functional alterations can be artificially introduced as well, as 
has been seen with the iron-sensing riboswitch which can be modified to switch its binding 
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specificity to cobalt with a few nucleotide mutations [140]. These examples highlight the 
importance of looking beyond the broad classifications of riboswitches and to the variation 
within each class to truly address the functional diversity represented. 
While our ability to identify broad homology of structural RNA classes has 
improved dramatically [18,129,141], the field of RNA investigation is still lacking in 
computational methods for quickly identifying divisions within these identified classes that 
may have functional importance. Since the discovery of riboswitches, identification of 
classes has broadly been broken into two processes: de novo classification of homologous 
structured ncRNAs [141–146] and identification of new members of existing classes 
[17,18,87,90,119,147–150]. While this is helpful for binning sets of homologous 
riboswitches together, it reduces the complexity within those sets down to a binary 
“member or nonmember” relationship with broad models. These tools are ideal for 
identifying putative members of distinct classes, but are not designed to investigate the 
nuance within those classes. To gain a better understanding of riboswitch functionality and 
diversity, it is necessary to look at sets of riboswitches based on the pairwise relationships 
and clustering patterns within their respective class. 
 To address these limitations, graph clustering can be implemented to group sets of 
ncRNAs based on pairwise similarity. This is done by generating networks of nodes 
corresponding to individual instances of a ncRNA. Each node is connected by an edge to 
each other node, and each edge is weighted based on a chosen pairwise similarity metric 
comparing the two connected ncRNA. These edges can then be pruned through a 
thresholding process in which edges which fail to meet a minimum similarity score are 
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removed from the network, altering the overall topology and leading to clustering of more 
highly similar nodes. This provides a visual representation of similarity between ncRNA 
instances for nuanced, hands-on investigation, as well as providing a basis for de novo 
community detection within networks across a range of thresholds. Relative conservation 
of groups within the network can be investigated using the change in edge-density between 
nodes within that group across incremental thresholding. 
 Graph clustering was applied to a set of ykkC riboswitches. This group of 
riboswitch classes was originally grouped as one class [5,137], but further experimentation 
later found it to be composed of five distinct subtypes each binding distinct ligands. These 
include the guanidine-I riboswitch [62,67] and four ykkC subtype 2 riboswitches, three of 
which have had their specific ligands identified. ykkC type-2A was shown to bind 
guanosine tetraphosphate (ppGpp), an alarmone that responds to amino acid starvation 
conditions, and regulate genes involved in branches chain amino acid synthesis [61]. ykkC 
type-2B was shown to bind phosphoribosyl pyrophosphate (PRPP), a molecule required 
for de novo purine synthesis, and regulate genes involved in purine biosynthesis [50]. ykkC 
type-2C was shown to bind adenosine/cytidine diphosphate (ADP/CDP) and regulate genes 
that hydrolyze the phosphoester bond of nucleoside diphosphate [37]. ykkC type-2D is yet 
to have its ligand identified and published. The high sequence and structural similarity 
between the ykkC subtype 2A-C riboswitches offer an ideal dataset to determine the ability 
of graph clustering to distinguish closely related riboswitch subtypes. In this analysis, I 
curated a set of riboswitches representative of a dataset predating ykkC subtype 
classification and performed a graph clustering analysis to determine whether the distinct 
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riboswitches could have been detected. I then extended this to published sets of ykkC 




3.3.1 Riboswitch Identification 
The initial set of riboswitches was identified by curating a set of published 
riboswitches encompassing ykkC subtype 2A-C: ppGpp, PRPP, and ADP-CDP 
respectively. A set of 105 ppGpp riboswitch sequences [61], 253 PRPP riboswitch 
sequences[50], and 45 ADP-CDP riboswitch sequences [37] were gathered from existing 
literature within the field.  
The second set of ykkC riboswitch data was generated using an RFAM covariance 
model from 2014. This was before the determination of the ykkC riboswitch subtype 
functions. The covariance model was used to query the ReSeq77 bacterial database to find 
instances that fit the model with a better than 10^-5 e-value. This was then further reduced 
to remove redundant sequences from identical species and then pruned down to one 
representative sequence per genus. The bedtools closest function was used to determine the 
nearest downstream gene and gene function for each sequence, and thus the most likely 
gene directly regulated by the riboswitch. These were then used to categorize riboswitches 
into a putative ykkC subtype based on the regulated gene function. If a ykkC subtype could 
not be determined based on the function, or if the gene was marked as a hypothetical 
protein, the sequence was left unclassified and binned into a category called 
“UNDETERMINED.” 




3.3.2 Graph clustering 
Graph clustering was performed on sets of riboswitches, with individual 
riboswitches representing the vertices and edges corresponding to pairwise similarity 
metrics relating pairs of vertices. Edges were thresholded based on pairwise similarity 
score, resulting in pruned networks of clustered riboswitches containing vertices with 
higher similarity than the threshold value. Multiple distance metrics were used to evaluate 
riboswitch clustering, including, partition function (RNApdist) [104,105], sequence and 
structure based on ensemble expected mountain height (RNAmountAlign) [85], and 
sequence similarity (Muscle )[76]. Visualization of riboswitch similarity networks were 
generated using the igraph and qgraph R-libraries [110,124]. Optimal threshold for 
visualization of the datasets were selected based on high separation and modularity of 
observed sub clusters.  
 
3.3.3 Community Detection 
Modular clusters were detected using a combination of de novo community 
detection algorithms provided in igraph: cluster_fast_greedy (hierarchical clustering 
starting with addition of strong edges), cluster_walktrap (random-walk), 
cluster_edge_betweenness (hierarchical clustering starting with removal of weak edges), 
and cluster_leading_eigen (spectral clustering). These were chosen to encompass a range 
of algorithmic approaches to community detection. I then performed 100 replicates of a 
parametric bootstrapping analysis on the detected communities of interest. This process 
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introduces a 5% perturbation of the network by adding/removing edges at random in a 1:1 
ratio. Upon completion, the resulting networks contain the same nodes and an equivalent 
number of edges, but 5% of the edges connect different nodes. After each iteration, the de 
novo community detection algorithms were rerun to detect and record community 
composition within the perturbed network. These were then compared to the original group 
that had no perturbation. Following the 100 iterations of this comparison, I used Jaccard 
Similarity Index to calculate compositional similarity of each post-perturbation cluster to 
the original cluster. Average Jaccard Similarity Index across all 100 iterations was used to 
determine the robustness of the clusters. 
 
3.3.4 Edge Density Graph Generation 
Generation of network density graphs was performed across thresholding ranges. 
This was done by determining the total number of pairwise comparisons within a cluster 
and calculating the percent of edges that passed the thresholding test as threshold 
stringency increased across the total range. These calculations were made on an in-group 
and out-group basis, comparing the number of possible edges within a defined group and 
the number of edges connecting distinct groups respectively. These graphs equate to a 
relative similarity measure, which can be read as a measure of conservation, and represent 
a flipped cumulative distribution of possible edges and observed edges for a given cluster 
across a range of edge-weight thresholds. 
 
 





3.4.1 PRPP riboswitch forms distinct cluster in ykkC data predating subtype 
distinctions 
To evaluate clustering of ykkC riboswitches in a way that would mimic de novo 
detection of subtypes, I generated a dataset using available sequences and models predating 
ykkC subtyping. A covariance model was generated using 80 aligned sequences from the 
2014 RFAM model of the ykkC riboswitch (Table 3.1). It was used to identify a set of 
riboswitches from RefSeq77 which fit the non-specific “ykkC riboswitch” model. This set 
was then curated to remove hits with low e-value scores and duplicates from closely related 
species. This resulted in a set of 167 “ykkC riboswitches” that were gathered independent 
of any subtype knowledge (Table 3.2). I then used bedtools to identify the most likely 
candidate gene that each riboswitch regulates and classified each riboswitch as a putative 
guanidine-I or ykkC subtype 2A-C riboswitch. The final set of 167 “ykkC” riboswitches is 
primarily composed of guanidine-I riboswitches, but some riboswitches were able to be 
sorted as ppGpp and PRPP based on their regulated genes.  
To determine whether I could distinguish the distinct riboswitch classes in the dataset 
I performed graph clustering using three distance metrics: sequence similarity, structural 
similarity, and a hybrid of both. First, I implemented RNAmountAlign for pairwise 
comparisons because of its optimized speed and use of both sequence and ensemble 
structure when calculating pairwise distance. I then incorporated muscle and RNApdist for 
sequence and secondary structure similarity, respectively. After graph clustering using 
these metrics, the clustering was compared to the assignments determined based on 
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regulated genes to determine if the clustering separated the riboswitches based on putative 
functionality. 
The clustering pattern seen based on these putative classifications indicates that PRPP 
can be detected within the dataset as a distinct subgroup. While structure-based metrics 
show highly overlapping clustering of all types, clustering based on sequence similarity is 
able to distinguish a group of nodes corresponding to PRPP riboswitches, distinct from a 
cluster corresponding to ppGpp and guanidine-I riboswitches (Figure 3.1A-C). This high 
structural similarity fits previous findings within the field, which show that these 
riboswitches have highly homologous structures and it is sequence differences within the 
binding pocket that allow for the distinction between the subtypes [37,50,61,62,67]. 
To validate these findings, I implemented de novo community detection algorithms to 
verify that the PRPP cluster was a distinct subgroup of the network (Figure 3.1D-F). I then 
determined the stability of the PRPP cluster by bootstrapping the networks using a 5% 
perturbation of the existing edges, re-performing the de novo community detection, and 
comparing identified clusters back to the original. After 100 rounds of bootstrapping, I 
used the Jaccard similarity index to quantify stability of the PRPP cluster in each network 
based on their resistance to change after perturbation. Calculations were done across four 
community detection algorithms for each distance metric (Table 3.3). This confirmed my 
observation that graph clustering using sequence similarity metrics generated a clearly 
identifiable, stable cluster of PRPP riboswitches that was distinct from the ppGpp and 
guanidine-I riboswitches in the set. 








Figure 3.1: Clustering ykkC riboswitches gathered from data predating subtyping. 
ppGpp, PRPP, and Guanidine-I riboswitches were clustered using (A) RNAmountAlign 
with a threshold of 0, (B) muscle with a threshold of 63, and (C) RNApdist with a threshold 
of 30. Sub-clusters (communities) were identified within the (D) RNAmountAlign, (E) 
muscle, and (F) RNApdist networks as described previously. After 100 rounds of 
bootstrapping, the Jaccard similarity index was calculated to represent confidence in the 
PRPP cluster identification. For RNAmountAlign, muscle, and RNApdist, these values 
came to 0.584, 0.998, and 0.296, respectively. 
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3.4.2 ppGpp, PRPP, and ADP-CDP separate when clustered using a metric that 
combines sequence and structural similarity 
A majority of the initially identified ykkC riboswitches were found to be guanidine-
sensing and the remainder were classified as a rarer variant, dubbed subtype 2[62]. We 
now know that subtype 2 is actually comprised of four distinct riboswitches[37,50]. I chose 
to investigate the three subtype 2 riboswitches that have been characterized in order to gain 
a better understanding of their relationship and the ability of graph clustering to distinguish 
these highly homologous, rarer subtypes. To do this, I used published datasets for the ykkC 
subtype 2A (ppGpp), 2B (PRPP), and 2C (ADP-CDP) riboswitches (Table 3.4, 3.5, 3.6). I 
began by combining these datasets and calculating pairwise similarity using 
RNAmountAlign. Separation was observed between the three riboswitches, with the ADP-
CDP instances standing apart as the most distinct cluster and the ppGpp cluster and the 
PRPP cluster showing much greater connectivity between each other (Figure 3.2A). 
Despite the greater connectivity of the ppGpp and PRPP clusters, de novo community 
detection methods are able to distinguish each type as distinct groups (Figure 3.2B). This 
higher connectivity can similarly be observed in the network density graphs, which depicts 
the edge-density within and between clusters as edges are removed through thresholding 
across the range of pairwise distance scores (Figure 3.2C). While ADP-CDP shows 
highest conservation within its cluster, it shows the lowest edge connectivity to the other 
clusters. ppGpp and PRPP show more variation within their clusters and higher edge 
connectivity between them, compared to ADP-CDP. Although ppGpp and PRPP show 
higher connectivity within the network, they can still be distinguished using de novo 
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community. This begs the question: is divergence of these riboswitches occurring on a 
sequence or structural level or both. 
 
 
Figure 3.2: Clustering ykkC subtype 2A-C riboswitches using RNAmountAlign. 
A) ppGpp, PRPP, and ADP-CDP riboswitches were clustered using RNAmountAlign 
as a distance metric (threshold of 0) for comparing pairwise sequence and ensemble 
structure similarity. Aptamers are colored based on aptamer type, blue for ppGpp, 
green for PRPP, and red for ADP-CDP. B) Sub-clusters (communities) were identified 
using cluster_fast_greedy, a de novo community detection function within R’s igraph 
package. Node colors correspond to distinct clusters detected. C) Network density was 
calculated for each riboswitch across a range of RNAmountAlign thresholds.  Dotted 
red line indicates the RNAmountAlign threshold (0) at which the network is visualized. 
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3.4.3 ppGpp, PRPP, and ADP-CDP separate when clustered using sequence 
similarity as a metric   
To address whether sequence divergence between the riboswitches was sufficient 
to distinguish ppGpp and PRPP as distinct clusters, I performed graph clustering using a 
metric relying on raw sequence similarity. I used the pairwise identity scores from muscle 
multiple sequence alignment as a similarity metric. This clustering, similar to 
RNAmountAlign, showed strong separation of ADP-CDP from both ppGpp and PRPP, 
while the ppGpp and PRPP clusters display higher connectivity (Figure 3.3A). Despite the 
closer connectivity of ppGpp and PRPP, the two riboswitches are clearly represented 
within distinct hemispheres of the network and were able to be distinguished using de novo 
community detection methods (Figure 3.3B). The network density graphs also showed a 
similar trend to RNAmountAlign; ADP-CDP is the most highly conserved and distinct 
from ppGpp and PRPP, while ppGpp and PRPP are less highly conserved individually, but 
more closely connected (Figure 3.3C). These results are consistent with what was 
observed using RNAmountAlign, demonstrating that ppGpp and PRPP riboswitch clusters 














Figure 3.3: Clustering ykkC subtype 2A-C riboswitches using muscle. 
A) ppGpp, PRPP, and ADP-CDP riboswitches were clustered using muscle as a 
distance metric (threshold of 65) for comparing pairwise sequence similarity. 
Aptamers are colored based on aptamer type, blue for ppGpp, green for PRPP, and red 
for ADP-CDP. B) Sub-clusters (communities) were identified using 
cluster_fast_greedy, a de novo community detection function within R’s igraph 
package. Node colors correspond to distinct clusters detected. C) Network density was 
calculated for each riboswitch across a range of RNAmountAlign thresholds.  Dotted 
red line indicates the RNAmountAlign threshold (65) at which the network is 
visualized. 
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3.4.4 ppGpp and PRPP are indistinguishable when clustered using ensemble 
structure similarity as a metric 
Next, I evaluated clustering patterns based on ensemble structure similarity. 
RNApdist was used as the graph clustering metric to quantify the pairwise ensemble 
structure similarity within the set of riboswitches. When this was done, I observed a 
different result than when using metrics which incorporate sequence similarity. While the 
ADP-CDP cluster still remains the most highly conserved, the difference was not as stark. 
Moreover, the  ppGpp and PRPP nodes show high amounts of overlap when looking at the 
visualization of the graph clustering (Figure 3.4A). The inability to distinguish ppGpp and 
PRPP nodes is clearly seen when implementing de novo community detections methods, 
as identified clusters do not correlate with ppGpp or PRPP nodes within the network 
(Figure 3.4B).  The network density graph highlights this as well, showing that the 
conservation within the PRPP cluster is indistinguishable from the conservation between 
PRPP and ppGpp (Figure 3.4C). These findings indicate that ppGpp and PRPP have highly 
conserved overall structural similarity, and it is the sequence variation that primarily 
distinguishes them. This supports observations from the dataset curated using a model 
predating ykkC subtyping, which similarly indicated that it is primarily sequence variation 
that separates the PRPP from ppGpp riboswitches. Taken together, this may suggest that 
PRPP and ppGpp share a closer evolutionary relationship than either with ADP-CDP. 
These findings highlight the power of graph clustering to distinguish between these 
closely related riboswitches and investigate the relationships between motifs with 
homologous sequences and structures. This led us to ask about localized differences within 
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the riboswitches, specifically within the P3 stem-loop, which houses the main components 





Figure 3.4: Clustering ykkC subtype 2A-C riboswitches using RNApdist. 
A) ppGpp, PRPP, and ADP-CDP riboswitches were clustered using RNAmountAlign 
as a distance metric (threshold of 40) for comparing pairwise ensemble structure 
similarity. Aptamers are colored based on aptamer type, blue for ppGpp, green for 
PRPP, and red for ADP-CDP. B) Sub-clusters (communities) were identified using 
cluster_fast_greedy, a de novo community detection function within R’s igraph 
package. Node colors correspond to distinct clusters detected. C) Network density was 
calculated for each riboswitch across a range of RNAmountAlign thresholds.  Dotted 
red line indicates the RNAmountAlign threshold (40) at which the network is 
visualized. 
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3.4.5 P3 stem-loop shows structural conservation between PRPP and ADP-CDP  
To investigate the P3 stem-loop (which contains the major components for ligand 
binding) I aligned each riboswitch back to the covariance model for its type and trimmed 
away all of the sequence that was not contained within the third stem-loop of the secondary 
structure. I then performed a graph clustering analysis on these truncated sequences. 
Clustering based on sequence similarity of the P3 stem-loop showed similar results to 
clustering the whole riboswitch, with greater connectivity between the ppGpp and PRPP 
clusters and ADP-CDP more separated. However, the metrics that incorporated structure 
into the analysis cluster PRPP and ADP-CDP very closely and leaves ppGpp as farther 
removed (Figure 3.5A-C). This diverges from the analysis of the entire riboswitch, which 
found the ppGpp and PRPP clusters indistinguishable when using ensemble structure as 
the similarity metric. These findings are supported by de novo community detection 
(Figure 3.5D-F). 
This raises the question of why higher overall conservation between ppGpp and PRPP 
is observed, but the P3 stem-loop shows higher structural conservation between PRPP and 
ADP-CDP. The specific ligands each riboswitch binds could be one possible explanation. 
PRPP and ADP-CDP each have a more isolated diphosphate group, compared to ppGpp’s 
bulkier structure. This could lead to more highly similar binding pocket structure for PRPP 
and ADP-CDP. This is supported by the fact that the similarities between the P3 stem of 
PRPP and ADP-CDP led researchers to investigate ligands for the ADP-CDP riboswitch 
that were similar to PRPP[37]. 
 










Figure 3.5: Clustering P3 stem of ykkC subtype 2A-C riboswitches. 
ppGpp, PRPP, and ADP-CDP riboswitches were clustered using (A) RNAmountAlign 
with a threshold of 0, (B) muscle with a threshold of 80, and (C) RNApdist with a 
threshold of 7. Sub-clusters (communities) were identified within the (D) 
RNAmountAlign, (E) muscle, and (F) RNApdist networks as described previously. 





Graph clustering has been demonstrated to be useful in better understanding the 
relationships between, and evolution of, ncRNA. It shows promise as a predictive measure 
for distinguishing closely related riboswitches which are functionally distinct. My studies 
have found that when performing graph clustering analysis, distance metric selection is 
crucial, as different metrics can reveal distinct clustering patterns. While this may initially 
appear to be a drawback, it is actually a useful feature of graph clustering, as 
implementation of multiple distance metrics when clustering can reveal the impact of 
different factors affecting ncRNA clustering, allowing for a multi-dimensional evaluation.  
Moreover, while many classification methods rely on a sequence’s similarity to a 
model, graph clustering provides a methodology for investigating pairwise similarity of 
ncRNA relative to other members of the defined classes. This allows researchers to identify 
clustering and patterns within the data based on defined distance metrics relevant to the 
questions they are asking, thus partitioning and parsing out subclusters within the dataset 
relative to specific parameters. I have previously shown that this methodology can be 
implemented to investigate evolutionary and functional relationships between variant 
riboswitches of the same class (glycine riboswitch). Now I highlight the ability of graph 
clustering to separate distinct riboswitches that were originally identified as members of 
the same class (ykkC subtypes).  
In this investigation I also demonstrate the ability of graph clustering to evaluate 
specific components of a ncRNA. Using data reflective of what would be seen predating 
the ykkC subtype classifications, I was able to determine that PRPP could be distinguished 
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when clustering based on sequence similarity. When applying graph clustering to three 
published datasets corresponding to ppGpp, PRPP, and ADP-CDP, I saw similar findings. 
The ppGpp and PRPP riboswitches clustered closely together based on structural metrics, 
but were able to be distinguished using sequence similarity metrics. It was also found that 
ADP-CDP is more highly conserved than either ppGpp or PRPP, and there was very low 
connectivity between ADP-CDP and either other riboswitch class. This suggests that the 
ppGpp and PRPP riboswitches may share a closer evolutionary relationship than either 
does to ADP-CDP. A closer investigation into the P3 stem-loop of these three riboswitches 
display a different clustering pattern than the overall riboswitch. The clustering pattern of 
the P3 stem-loop shows higher structural similarity between PRPP and ADP-CDP. While 
this pattern is different than that seen with the overall riboswitches, it is potentially due to 
the similarity of the PRPP and ADP-CDP ligands placing structural constraints on the 
binding pockets that are distinct form the ppGpp riboswitch. These findings together 
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Chapter 4: Discussion 
In recent decades, the study of structured RNA has evolved with the advent of improved 
computational and experimental techniques. The characterization of over 40 riboswitch 
classes has deepened the understanding of riboswitches from both a phylogenetic and 
functional perspective[9]. The ability to identify de novo structured RNA motifs from 
sequence data, generate models for RNA family classification, and perform ligand-binding 
assays to identify the binding partner of riboswitches has driven these 
breakthroughs[18,90,141,142]. However, while these methods are helpful for classifying 
sets of homologous riboswitches, they simplify the variation within those datasets down to 
a binary “member or nonmember” relationship with broad models. To better understand 
riboswitch diversity and functionality, we need to study riboswitches based on the pairwise 
relationships within defined classes. All homologous riboswitches are not necessarily 
functionally the same or similar. 
Graph clustering provides a framework for this type of pairwise investigation. Using 
graph clustering, investigators can evaluate the similarity of riboswitch instances by 
generating networks comprised of nodes correlating to each instance. Within the network, 
each node acts as a charged particle, repelling other nodes, and is connected to each other 
node by an edge weighted by a pairwise similarity score, which acts as a spring. By 
removing weaker edges, the topology of the network changes to create clusters of highly 
related nodes which retained their edges. 
In this work I have shown the effectiveness of graph clustering in studying the 
relationships between, and evolution of, ncRNA. Using graph clustering, I evaluated the 
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relationship between the homologous aptamers of the tandem glycine riboswitch, as well 
as the correlation between singleton glycine riboswitch structure and tandem glycine 
riboswitch aptamers regulating similar genes. I identified clustering patterns within the 
glycine riboswitch aptamers corresponding to whether the riboswitch regulates GCV or 
TP. This was taken further when clusters containing both singleton and tandem glycine 
riboswitch aptamers reveled that singleton aptamers are more highly related to a specific 
tandem aptamer based on the genomic context. This work culminated in the development 
of a model for the evolutionary path of the glycine riboswitch based on the genomic 
context. The model dictates that tandem riboswitches degrade into functional singleton 
riboswitches with a ghost aptamer which retains structures relevant to tertiary interaction. 
These findings fit recent studies showing evidence for glycine riboswitches that display 
On- or Off-switch functionality based on the regulatory context; whether the riboswitch is 
regulating GCV or TP[31,54,58,59].I extended this idea to investigate the ability of graph 
clustering to distinguish closely related riboswitches and demonstrate its viability for de 
novo identification of functionally distinct variants within defined riboswitch classes. I 
used the ykkC riboswitches for this demonstration, as they represent a set of highly 
homologous and functionally distinct riboswitches. The ability of graph clustering to 
distinguish highly similar riboswitches with functional distinctions is highlighted by the 
identification of a cluster of PRPP riboswitches from a dataset representative of sequences 
predating the classification of ykkC subtypes. The ability of graph clustering to identify 
functional differences was further demonstrated using three published datasets 
corresponding to the ppGpp, PRPP, and ADP-CDP riboswitches. The clustering patters of 
Chapter 4: Discussion 
 
76 
these three datasets showed that sequence variation rather than structural changes that 
distinguishes the ppGpp and PRPP riboswitches. This finding fits with published data 
which identifies key nucleotides difference within the binding pocket that dictate difference 
in ligand binding. This finding was further supported by investigation into the P3 stem of 
these riboswitches, which showed structural similarity between the PRPP and ADP-CDP 
riboswitches, correlating with higher similarity in their bound ligand. My findings 
demonstrate the ability of graph clustering to distinguish functional differences in groups 
of homologous riboswitches. Moreover, my research highlights the importance of distance 
metric selection when performing graph clustering analysis, as different metrics can reveal 
distinct clustering patterns. For this reason, the implementation of multiple distance metrics 
when performing a graph clustering analysis is encouraged to reveal the impact of different 
factors impacting clustering, allowing for a more thorough investigation. 
These projects demonstrate graph clustering to be a powerful tool when applied to 
investigating motifs that exhibited different behavior in distinct contexts. This 
investigation could be generalized to apply to a host of other investigations regarding 
variation within pre-defined sets, outside of the ncRNA field. For instance, a researcher 
could define a set of genes representative of a cellular pathway and compare transcription 
profiles under different conditions to identify which stimuli elicit similar responses. This 
would require the researcher to utilize a vector distance metric when graph clustering, and 
provide vectors representative of expression levels for the set of genes they were interested 
in. Graph clustering has already been applied to a wide range of fields outside of biology, 
and there is a lot of room for application within biological research. 
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A major benefit of graph clustering is the applicability to any network that can be 
broken down to pairwise connections, and particularly the ease of adding distance metrics 
to investigation a range of variable that could affect variation within the dataset. Moreover, 
the ability to threshold the network across a range of distance scores allows researchers to 
see how the network topology and relationships within the data change at a scale that can 
be tailored to the question being asked. For instance, when comparing homologous protein 
sequences across a range of bacterial phyla, a lower thresholding score may be more 
appropriate than when comparing homologous protein sequences within one bacterial 
family. The ability to visualize the networks across a range of thresholds allows researchers 
to investigate trends within the data that could otherwise be missed.  
However, thresholding also creates the largest pitfall of graph-clustering: over-
clustering your data. Without an appropriate knowledge of the datasets, a researcher may 
over-threshold their networks and disperse relevant clusters. For this reason, when 
performing clustering on datasets with little a priori knowledge of the context, it is likely 
best to take one of two actions when identifying clusters: 1) select a thresholding score that 
generates 2-3 major clusters when performing the de novo community detection, or 2) 
choose a community detection method that will give you the best bifurcation of your data 
(such as non-recursive spectral clustering). This will provide the clusters which have the 
strongest variation within your dataset. A researcher can then investigate causes for the 
distinction between clusters (based on phylogenetic knowledge and the application of 
multiple distance metrics) and determine whether clustering has biological relevance and 
if more clustering need to be done. For this reason, in these instances it is recommended to 
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perform a “top-down” clustering methodology in which multiple distance metrics are used 
and broad clusters are identified first and evaluated for relevance. 
 Taken together, my works demonstrate the ability of graph clustering to probe the 
underappreciated diversity within riboswitch classes and provide a methodology for 
identifying members of a riboswitch class which may be divergent from the other 
members. As I, and others, have demonstrated, these divergent riboswitch sub-clusters 
could be slight variants of the parent class[57,68] or have completely distinct 
functionality distinct from the family of original classification[37,50,61,62]. 
Understanding the diversity and nuance of riboswitch structure and functionality has 
increased drastically within the last decade, from identifying structurally distinct 
aptamers that bind the same ligand to distinguishing riboswitches with clear structural 
similarity that bind distinct ligands. Graph clustering provides a methodology for 
investigating the relationship between sets of structured ncRNA across a range of metrics 
at a pairwise level in order to reveal nuanced patterns that other tools fail to distinguish. 
This approach could easily be extended to incorporate additional metrics based on a 
researcher’s needs. Similarly, with the availability of proper distance metrics, graph 
clustering could be adapted to the investigation of different biological components, from 
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Table 2.8: Cluster stability after 100 bootstrap replicates for Bacilli and Actinobacteria 
clustering. 
 
 Bacilli GCV 
Cluster 
Bacilli TP Cluster Actinobacteria 
GCV Cluster 
cluster_walktrap .91 .92 .89 
cluster_leading_eigen .79 .86 .90 
cluster_edge_betweenness .81 .61 .78 
cluster_fast_greedy .64 .40 .72 
 
Average Jaccard Similarity Index after 100 bootstrap replicates for Bacilli cluster regulating 
GCV, Bacilli cluster regulating TP, and Actinobacteria cluster regulating GCV. The first row 
indicates the cluster and the first column indicates the community detection method used. The 
methods tend to show good cluster stability, particularly cluster_walktrap. 
 
Table 2.9: 124 Bacilli riboswitch aptamer sequences from aptamer-1 and singleton type-1 sub-




















































































































































Table 2.10: 35 Bacilli riboswitch aptamer sequences from aptamer-2 and singleton type-2 sub-

























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 2.13: 50 Actinobacteria riboswitch aptamer sequences from aptamer-1 and singleton type-









































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 3.3: Cluster stability after 100 bootstrap replicates for PRPP cluster. 
  
RNAmountAlign RNApdist Muscle 
cluster_walktrap 0.82 0.27 0.97 
cluster_leading_eigen 0.66 0.3 1 
cluster_edge_betweenness 0.53 0.41 1 
cluster_fast_greedy 0.59 0.3 1 
 
 



















































































































































































































































































































































































































Table 3.6: 45 ADP-CDP riboswitch sequences taken from published literature used for graph 
clustering analysis. 
 
NZ_DS981517.1/878682878787/+ 
NC_017297.1/3026211-3026316/- 
NZ_KK211278.1/226948227069/+ 
NZ_AUCA01000061.1/10625-10754/- 
NZ_BCRQ01000071.1/7817-7946/- 
NC_015589.1/1715918-1716038/- 
NZ_JAEK01000007.1/19909-20025/- 
NZ_KB898625.1/86190-86308/- 
NZ_CP014140.1/18227481822873/+ 
NZ_LAKJ01000048.1/33883506/+ 
NZ_JYBN01000090.1/4396544089/+ 
NZ_BAZO01000041.1/43074423/+ 
NZ_LQYJ01000027.1/7844-7963/- 
NC_014829.1/1047293-1047407/- 
NZ_LBMQ01000098.1/1081962/+ 
NZ_LN831786.1/1662188-1662305/- 
NZ_JRJU01000047.1/12276-12393/- 
NZ_AYYI01000075.1/4653-4771/- 
NZ_AYOS02000059.1/2062-2180/- 
NZ_LFVV01000035.1/26642-26762/- 
NZ_JHVL01000017.1/3472134841/+ 
NZ_AJLR01000115.1/1814618263/+ 
NZ_LAGD01000033.1/31314-31434/- 
NZ_BAXQ01000037.1/1561-1679/- 
NZ_ATAE01000011.1/18321-18438/- 
NZ_KB889752.1/841920842036/+ 
3300000053_316411/291-408/- 
NZ_JAEL01000019.1/32033-32151/- 
NZ_LFPH01000002.1/9370793827/+ 
NZ_JH976434.1/58610-58722/- 
NZ_ALPT02000018.1/44860-44977/- 
NZ_LAGJ01000036.1/3586-3706/- 
NZ_KE952849.1/4241-4362/- 
NZ_LAGF01000025.1/18629-18749/- 
NZ_DF384213.1/3211486-3211606/- 
NZ_JPVQ01000004.1/2947929598/+ 
Appendix 
 
211 
NZ_LITJ01000001.1/34793-34912/- 
NZ_AZRS01000124.1/8708-8827/- 
NZ_LFQE01000003.1/371580-
371700/- 
NZ_LAGH01000196.1/11024-11142/- 
NC_017299.1/3023256-3023376/- 
NZ_KB946251.1/854896-855011/- 
NZ_ASWH01000002.1/531422-
531536/- 
NZ_BCPU01000001.1/130376-
130490/- 
NZ_BBPK01000014.1/31518-31631/- 
 
 
 
